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Approximately 100 toxicants have been identiﬁed in cigarette smoke, to which exposure has been linked
to a range of serious diseases in smokers. Smoking machines have been used to quantify toxicant
emissions from cigarettes for regulatory reporting. The World Health Organization Study Group on
Tobacco Product Regulation has proposed a regulatory scenario to identify median values for toxicants
found in commercially available products, which could be used to set mandated limits on smoke
emissions. We present an alternative approach, which used quantile regression to estimate reference
percentiles to help contextualise the toxicant yields of commercially available products with respect to
a reference analyte, such as tar or nicotine. To illustrate this approach we examined four toxicants
(acetone, N0-nitrosoanatabine, phenol and pyridine) with respect to tar, and explored International
Organization for Standardization (ISO) and Health Canada Intense (HCI) regimes. We compared this
approach with other methods for assessing toxicants in cigarette smoke, such as ratios to nicotine or
tar, and linear regression. We concluded that the quantile regression approach effectively represented
data distributions across toxicants for both ISO and HCI regimes. This method provides robust, transpar-
ent and intuitive percentile estimates in relation to any desired reference value within the data space.
 2015 The Authors. Published by Elsevier Inc. This is anopenaccess article under theCCBY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/).1. Introduction diseases amongst smokers (Fowles and Dybing, 2003; RodgmanCigarette smoke is a dynamic and complex aerosol containing
over 6000 identiﬁed components and possibly many thousands
of further unidentiﬁed constituents (Perfetti and Rodgman,
2011). Approximately 100 harmful or potentially harmful com-
pounds have been identiﬁed in cigarette smoke (US Food and
Drug Administration, 2012), and exposure to these smoke con-
stituents is believed to be responsible for a wide range of seriousand Perfetti, 2009). In the present work we focus on toxicants,
chemical species in tobacco or cigarette smoke, exposure to which
may result in harm to the tobacco user.
Observed health responses to toxicants are dependent on the
intensity and duration of exposure, though dose–response rela-
tionships are only known through epidemiology and total expo-
sure to cigarette smoke, and are generally not known for
individual toxicants. The most widely accepted measures of expo-
sure to cigarette smoke toxicants are biomarkers. However, rela-
tively few validated biomarkers of exposure exist for individual
cigarette smoke toxicants. Furthermore, biomarker measurement
is invasive, slow and expensive; hence limited data are available
on their levels in smokers (Hatsukami et al., 2003; Hecht et al.,
2010) and few inter-laboratory comparisons have been made of
these data (Minet et al., 2011). Consequently, their utility in under-
standing smokers’ exposure to toxicants is somewhat restricted
given current scientiﬁc capabilities in this area. In recent years,
mouth-level exposure approaches have been developed that exam-
ine used cigarette butts to estimate individual human exposure to
nicotine, nicotine-free dry particulate matter (NFDPM, tar) and a
small number of individual toxicants. This approach shows
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the technique.
Historically, smoking machines have been used to quantify
toxicant emissions from cigarettes (Baker, 2006). Several different
regimes, or sets of smoking parameters, have been adopted for
regulatory measurement and reporting of emissions. The general
consensus is that smoking machine yields cannot predict actual
exposure to cigarette smoke constituents in humans, because wide
variability in smoking behaviour in any population will have a sig-
niﬁcant effect on toxicant exposure (US Department of Health and
Human Services, 2001). However, the machine smoking approach
enables standardised measurement (International Organization
for Standardization, 2000) and provides an established platform
for comparing emissions from different products. Some scientiﬁc
and regulatory groups have proposed using two regimes as a
means of estimating the lower and upper boundaries of possible
emissions from cigarettes: the International Organization for
Standardization (ISO) regime, which consists of a 35 mL puff of
2 s duration taken every 60 s (ISO 4387:2000) and a more intense
regime developed by Health Canada Intense (HCI), which consists
of a 55 mL puff of 2 s duration taken every 30 s and additionally
all cigarette ﬁlter tip ventilation holes blocked using a strip of
Mylar adhesive tape (Health Canada, 1999). Thus, despite deﬁcien-
cies in relating machine measured yields to smokers’ exposure,
machine-based analysis of cigarette yields is likely to remain the
prevalent method for quantifying and comparing toxicant emis-
sions from cigarettes for some time to come (Hecht, 2012).
Smoking machines are used as the basis of regulatory reporting
with regards to cigarette toxicant emissions in a number of
geographic jurisdictions. Regulatory authorities in Brazil, Canada,
Nepal, Taiwan, USA and Venezuela, have historically, or currently
require measurement and reporting of toxicant emissions
from cigarettes on sale in their jurisdictions. The World Health
Organization (WHO), under its Framework Convention on
Tobacco Control (FCTC) (WHO, 2005), is facilitating standardised
approaches to tobacco regulation on a global scale. One of the ini-
tiatives under the FCTC is a working group, the WHO Study Group
on Tobacco Product Regulation (TobReg), which recommends
possible approaches to product regulation (Burns et al., 2008),
has suggested an approach for measuring toxicants.
TobReg has proposed a regulatory scenario where every distinct
cigarette product on a market is measured for a selective set of tox-
icants, and the data used to identify market medians, which could
be used to set mandated limits on smoke emissions (Burns et al.,
2008). Under this scheme, if products on sale in a market fail to
meet these limits they would be prohibited. Limits are proposed
for emissions of nine smoke toxicants (4-[methylnitrosami
no]-1-[3-pyridyl]-1-butanone (NNK), N0-nitrosonornicotine
(NNN), benzo[a]pyrene, formaldehyde, acetaldehyde, acrolein,
1,3-butadiene, benzene and carbon monoxide), expressed as ratios
to nicotine measured under HCI smoking conditions. TobReg also
suggest progressive reductions in the amounts of these toxicants
in smoke over time, as technology becomes available to reduce
them. In the USA, the Food and Drug Administration has required
tobacco manufacturers to measure and disclose a larger number
of individual toxicants and may in the future establish product
standards, including ceilings on smoke emissions.
Despite the ongoing interest in mainstream smoke emissions
and the number of data points reported to regulators on an annual
basis, surprisingly few data have been published on toxicant yields
from contemporary commercial cigarettes. Of the many thousands
of cigarette brands on sale globally, ISO and HCI mainstream smoke
yields have been reported for only around 150 (Australian
Government Department of Health and Ageing, 2002; Counts
et al., 2005; Gregg et al., 2004) (Tobacco Control Programme,
Health Canada. Constituents and emissions reported for cigarettessold in Canada—2004. Unpublished data received upon request
from TRR_RRRT@hc-sc.gc.ca) and from a small geographical area
(UK (Gregg et al., 2004), Australia (Australian Government
Department of Health and Ageing, 2002) and Canada (Tobacco
Control Programme, Health Canada. Constituents and emissions
reported for cigarettes sold in Canada—2004. Unpublished data
received upon request from TRR_RRRT@hc-sc.gc.ca)). Other exten-
sive smoke yield data have been presented, but in ways that do not
allow subsequent independent analysis. For example, Hyodo et al.
(2007) published data in 2007 on Japanese cigarettes, where they
presented ranges for toxicant yields and functional relationships
with yield of tar, but did not provide individual yield data. Thus,
although in the future it can be anticipated that a greater volume
of smoke yield data will become available, the current dataset of
machine yields for mainstream cigarette smoke is small, and there
is no available contemporary picture of the range and diversity of
toxicant levels generated by commercial cigarettes worldwide.
In an attempt to gain some insight into the range of toxicant
yields of current commercially available cigarette products, we
measured the toxicant emissions from a wide range of products
over a number of years. The database currently consists of ISO
smoke yields for 959 products, 364 for HCI smoke yields sourced
from 80 geographical areas, and 916 blend chemistries
(Supplementary Fig. 1).
The British American Tobacco (BAT) dataset includes cigarette
products from a number of international and national manufactur-
ers, and includes a range of cigarette formats (circumference,
length, and ﬁlter type) and blend styles (ﬂue-cured Virginia,
US-blended, and blends disposed between these two styles). The
database was assembled over the time period between 2007 and
2011. This dataset is of sufﬁcient size to enable comparison of
smoke emissions from different products and to characterise dif-
ferences in smoke chemistry between many countries.
As a foundation for these analyses, a robust and standardised
methodology for critical assessment of this type of data is required.
We deﬁne robustness in this situation as the ability to estimate
meaningful reference values from the data, but with these esti-
mates showing little sensitivity to future incorporation of addi-
tional data in the database, or use of values at the extremes of
the measured product ranges and/or anticipated levels of product
variability over time.
As additional smoke yield data becomes available, an important
question that arises is how best to analyse, understand and contex-
tualise the range of toxicant levels and emissions from cigarettes.
The predominant approach adopted to date has been on an individ-
ual per-product basis. Under this structure, toxicant precursor
levels in cigarette blends are generally reported per gram of
tobacco, either on a ‘‘dry-weight’’ basis (i.e. after correction for
the moisture content back to a dry tobacco weight) or an
‘‘as-received’’ (wet-weight basis) value. Toxicant emissions from
cigarettes are usually reported on a per-cigarette basis, although
ratios of toxicants to nicotine under a speciﬁc smoking regime have
also been proposed (Burns et al., 2008). Intrinsically, existing
approaches for analysis of toxicants vary substantially and are
dependent on the matrix in which they are measured and the
way toxicants are reported. The methodology for data assessment
should therefore respect the way the data is generated and
reported. In addition, a framework with which to compare toxicant
yields with global and historic values is likely to be of great value
in contextualising and understanding smoke yields in the future.
In this article we explore a number of different approaches to
analysing tobacco blend and smoke yield data. We examine uni-
variate ratios, simple regression and quantile regression method-
ologies (Kroenger, 2005), to assess the toxicant precursor content
and smoke toxicant yields of commercial cigarette products. The
quantile approach uses prediction to estimate percentiles for a
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used in medicine to develop growth reference charts such as those
commonly used to monitor babies height or weight versus age,
(Kuczmarski et al., 2002; Wei et al., 2006), as well as in neurology
(Benatar et al., 2009; Peng et al., 2009) and in clinical chemistry
(McGreevy et al., 2009). Applications outside medicine are increas-
ingly common, with uses seen in ﬁnance (Bouyé and Salmon,
2009), environmental sciences (Cade, 2011) and various other
ﬁelds. In relation to research of tobacco smoke toxicants, quantile
regression provides a framework for comparing the toxicant yields
of any product with predicted percentile values (references) that
have been calculated from other commercial products and with
respect to tar yield. The complete dataset is used to calculate the
predicted quantiles, and hence, it provides estimates that are more
robust than those derived simply from analyses by interval.
2. Materials and methods
2.1. Data sources
We assembled a database of smoke toxicant yields from data
published in the scientiﬁc literature (Counts et al., 2005; Gregg
et al., 2004), regulatory reporting data (Australian Government
Department of Health and Ageing, 2002; Tobacco Control
Program Health Canada, 2004) and data from BAT’s in-house ana-
lytical laboratories. Only three laboratories have generated these
data: Arista Europe for the UK benchmark data (Gregg et al.,
2004), Labstat International for the Australian, and Canadian and
international data (Australian Government Department of Health
and Ageing, 2002; Tobacco Control Program Health Canada,
2004) and BAT laboratories for all remaining data. Data for
non-commercial products and duplicate values for commercial
brands were removed from the database. Data were separated into
ISO yields and HCI yields. Data derived from the USA Cambridge ﬁl-
ter pad method (formerly known as the Federal Trade Commission
[FTC] method) were not included with ISO values from other coun-
tries because small operational differences between the two smok-
ing procedures could potentially lead to systematic differences in
toxicant yields (Baker, 2002). The ﬁnal database comprised data
with measurements for 916 blends, 959 products measured under
the ISO regime and 364 under HCI. There continues to be publica-
tions of toxicant datasets (Bodnar et al., 2012) which will allow
recording of new entries in the database.
Data on smoke constituents can differ substantially between
laboratories, especially for low-level smoke constituents, because
of differences in approaches to the measurements employed by
these laboratories (Purkis and Intorp, 2014). Additionally,
year-to-year consistency within laboratories can vary notably even
when there is consistency of methodology. Hence all measuredTable 1
Descriptive statistics for ISO, HCI, ratios and blend endpoints.
Analyte Smoking regime
Tar (mg/cig) ISO
HCI
Nicotine (mg/cig) ISO
HCI
NAT in cigarette blend (ppm dwb) n/a
NAT (ng/cig) ISO
HCI
NAT/Nicotine (ng/mg) ISO
HCI
Acetone (lg/cig) ISO
Phenol (lg/cig) ISO
Pyridine (lg/cig) ISO
BLQ is below limit of quantiﬁcation; dwb, dry weight basis; n/a not applicable; ppm, pasmoke yield data is associated with a degree of operational
inter-laboratory variability. However, taking data from only one
laboratory would make the ﬁndings relevant to the output of that
laboratory alone. Because we aimed to identify the extent of diver-
sity in cigarette smoke toxicant yields from commercial contempo-
rary cigarettes, it was essential to encompass the effects of these
sources of variability. Therefore data from all available laboratories
was included in this analysis.
We chose four cigarette smoke constituents to examine different
approaches for summarising cigarette smoke toxicant data:
N0-nitrosoanatabine (NAT) (a major tobacco-speciﬁc nitrosamine,
sensitive to blend character and found in the particulate phase), ace-
tone (a volatile carbonyl compound, sensitive to the inclusionof char-
coal in cigarette ﬁlter), pyridine (a semi-volatile compound that
demonstrates blend character sensitivity), and phenol (highly sensi-
tive to the presence of a cellulose acetate ﬁlter and to blend chem-
istry). These compounds represent four of the main families of
toxicants present in cigarette smoke. ISO data for all four compounds
were examined, but for theHCI regimedataweusedNAT only, as this
was sufﬁcient to examinewhether the same techniques explained for
the ISO regime also applied to the HCI regime. We also reported the
ratios of NAT to nicotine yields derived from the HCI machine smok-
ing regime. NAT is a tobacco blend precursor to the smoke toxicant,
and we examined its variety of yields in the 916 products.
Descriptive statistics, including the number of products used in the
statistical analysis for each endpoint are shown in Table 1.
2.1.1. BAT in-house analytical laboratory methods
BAT in-house analytical laboratories used multi-analyte meth-
ods to analyse cigarette mainstream smoke toxicant yields,
whereby members of a group of toxicants (e.g. tobacco-speciﬁc
nitrosamines, carbonyl or phenolic compounds) were analysed
simultaneously from the same cigarette. Most of the methods fol-
lowed, or were based on internationally accredited protocols (i.e.
ISO, Cooperation Centre for Scientiﬁc Research Relative to
Tobacco [CORESTA] or Health Canada ofﬁcial methods). All meth-
ods have been internally validated for repeatability and repro-
ducibility (AOAC International, 2002; International Organization
for Standardization, 1994).
Details of the analytical methods for the analytes reported here
are contained in the Supplemental information. Details of all of the
analytical methods used by the BAT laboratory for mainstream
smoke toxicant emissions and cigarette ﬁller blend analyses for
the products contained in the database are available upon request.
2.2. Univariate and simple linear regression model approaches
Historically, categorisation of cigarette smoke yields has been
based on univariate approaches and average values. We createdN Mean (SD) Median (min, max)
959 8.7 (3.6) 8.9 (0.31, 20.8)
363 27.1 (5.0) 26.7 (15.6, 40.7)
959 0.73 (0.28) 0.72 (0.07, 1.8)
363 1.96 (0.43) 1.93 (0.97, 3.67)
916 0.92 (0.49) 0.87 (0.14, 3.72)
959 58 (30) 54 (4, 194)
364 143 (73) 129 (22, 414)
959 86 (44) 84 (8, 406)
363 76 (40) 76 (11, 204)
959 167 (72) 167 (0.6, 396)
959 13.5 (8.7) 12.8 (BLQ, 90.4)
959 6.8 (4.1) 6.2 (0.2, 22.6)
rts per million; SD, standard deviation.
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models with respect to tar, to aid comparisons with quantile
regression outputs.
2.3. Quantile regression
Classic regression can provide references based on the mean at
nominal tar levels. However, applicability of estimated yield from
classic regression has several limitations in this context.
Comparisons of real data to references are limited to assessing
one value, the expected average value. Products with very different
smoke yields could be equally categorised as being above or below
the mean. Additionally, estimates based on means are sensitive to
extreme values. Therefore updating the reference estimates using
new observations could lead to very different estimates. Some
attempts have been made to use the median as a reference
(WHO, 2005), which is likely to yield more robust estimates
because the median is not sensitive to the measurement scale, only
to the relative position of those measurements. However, using
only the median as a reference is not sufﬁcient to represent the
broad scope of smoke yields from commercial products. Quantile
regression can be seen as an extension of the median approach,
in which quantile regression lines can be used to estimate refer-
ence percentiles at nominal tar levels. For example, the quantile
0.5 can be used to estimate the references at the median. In quan-
tile regression (Koenker and Basset, 1978), the s th quantile of Y is
deﬁned as the inverse function Q(s) = inf {y:F(y)P s} where
0 < s < 1. This function represents the value of the response vari-
able for which the probability distribution function of y, that is
F(y) = P(Y 6 y), is larger or equal to the chosen s. Quantile regres-
sion produces a model of explanatory variables or covariates (in
this case tar) on the conditional percentiles of a response variable
(speciﬁc toxicant yields).
A typical approach to regression uses the least-squares method
to build a model deﬁned by the conditional mean of the variable
response Y given that the explanatory variable X has a particular
value x. Similarly, quantile regression assesses the quantile func-
tion Q(s | X = x). This conditional relationship can be written as
the linear conditional function Q(s | X = x) = x’ b (s), which is
resolved by minimising the objective function for s e (0,1) (1).
bðsÞ ¼ arg min b 2 Rp
Xn
i¼1
qsðyi  x0i bÞ ð1Þ
We took an empirical approach to choose the most appropriate
model. Linear combinations of tar up to the cubic function were
assessed: tar1, tar, tar1/2, tar1/2*tar, tar2 and tar3. Quantile regres-
sion modelling of polynomial relationships has been explored (Kim
and Yang, 2011; SAS Institute Inc., 2011) and tables of estimates
from a full model (2), a cubic polynomial model (3) and a quadratic
polynomial (4) were compared:
Toxicant ¼ b11tar1 þ b12tarþ b13tar1=2 þ b14tar1=2  tar
þ b15tar2 þ b16tar3 ð2Þ
Toxicant ¼ b21tarþ b22tar2 ð3Þ
Toxicant ¼ b31tarþ b32tar2 þ b33tar3 ð4Þ
The classic cubic polynomial without intercept was chosen to
create the ﬁnal reference tables. The reasons for choosing this
model over others are explained in Section 3.2.2.
Minimisation of the objective functions did not prevent the
quantile curves crossing. To enable non-crossing regression, we
applied the algorithm developed by Muggeo et al. (2013), chosen
for its conceptual simplicity and ease of implementation. Broadly,linear constraints are introduced by calculation of quantile curves
with respect to a starting quantile (such as the median (Muggeo,
2013)). We used a quantile regression package developed by
Muggeo, the quantregGrowth package in R (Muggeo, 2013), which
is based on the package Quantreg (Koenker, 2013), to facilitate esti-
mation of curves. The package quantregGrowth also ensures
monotone estimates across the explanatory variable, in this case
tar. That is, toxicant levels increase or remain at the same level
as the tar yield increases. This assumption is intuitively valid
because the toxicant levels in smoke are expected to increase or
approach saturation as the level of tar increases (Counts et al.,
2005; Gregg et al., 2004; Health Canada, 1999; Hyodo et al., 2007).
To provide a measure of accuracy for the model’s predictions,
we calculated bootstrap conﬁdence intervals (Carpenter and
Bithell, 2000; Schall, 2012). This method consists of extracting
numerous random samples with replacement of sample size equal
to the original sample size (up to 959 observations for ISO and up
to 364 observations for HCI, depending on the number of missing
values for each toxicant). We carried out 10,000 iterations for 19
tar reference levels (1–19 mg) for ISO yields and eight tar reference
levels (17–38 mg in 3 mg intervals) for HCI smoke yields. Predicted
reference values were estimated for each percentile of interest on
the basis of the median of each set of 10,000 values, with the boot-
strap conﬁdence intervals set at the 2.5th and 97.5th percentiles of
the amalgamated dataset created with all predictions. Tables based
on the 2.5th, 50th and 97.5th percentiles of the reference estimates
were preferred over means and standard deviations because distri-
butions of the bootstrap estimates did not seem to follow normal-
ity. Crossing quantile regression (without constraints) was carried
out with PROC QUANTREG (Koenker, 2013) in SAS version 9.3,
while non-crossing regression (with constraints) was carried out
with the quantregGrowth package in R, version 2.12.0.
2.4. Data transformation and assumptions
An advantage of quantile regression over other possible
approaches to characterise tobacco product smoke yields is that
quantile regression does not make assumptions about the distribu-
tion of the data (Kroenger, 2005; McGreevy et al., 2009). Therefore,
data transformation is not required and does not improve the ﬁt of
the regression. Some values were reported below the limit of quan-
tiﬁcation, which prevented them from being used in table compu-
tation. However, to omit these values would lead to a low bound
censoring for tar, which could affect estimates for low tar products.
To mitigate this effect, we imputed half the limit of quantiﬁcation
whenever it was known (i.e. reported), otherwise it was left as a
missing value.
3. Results
3.1. Univariate analysis
3.1.1. Toxicant precursors in tobacco blends
Tobacco blends are complex mixtures of different types of
tobacco, such as Virginia, Burley and Oriental tobacco, created as
an amalgamation of cut leaf, stems, expanded and reconstituted
tobaccos, as well as other ingredients and process aids. Within
tobacco are compounds that are precursors to the smoke toxicants
formed when the tobacco is burnt. Generally, the precursors for
smoke toxicants are poorly characterised (Piade et al., 2013) and
there are often multiple tobacco precursors for individual smoke
toxicants (Baker et al., 1999). Nevertheless, signiﬁcant correlations
have been reported between some tobacco compounds and smoke
toxicants. For example, strong links have been established between
tobacco constituents and smoke toxicants for the tobacco-speciﬁc
nitrosamines (Rodgman and Perfetti, 2009).
Table 2
NAT (ppm dwb) in blend percentiles.
Percentile NAT ppm dwb (blend)
5th 0.324
10th 0.384
25th 0.641
40th 0.816
50th 0.896
60th 0.988
75th 1.150
90th 1.425
95th 1.779
99th 2.935
dwb, dry weight basis; ppm, parts per million.
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tobacco varieties due to agronomic, geographic, environmental
and temporal factors. Variability over time arises from factors such
as weather, processing and storage. Therefore, analysis of a broad
sample of products over an extended time period is essential to
represent the expected diversity of toxicant content from commer-
cial products. The cigarette tobacco ﬁller blends analysed in this
work included different blends from a range of manufacturers,
sampled over the time period 2007–2011.
Percentiles are an intuitive and robust way to summarise the
range of tobacco blend toxicants when analysing this type of data-
set. Percentiles are intuitive, as they provide a set of reference val-
ues that facilitate comparisons with new samples, and robust,
because for a well characterised dataset the percentile estimates
do not change signiﬁcantly as new data are introduced if the sam-
pling space is well characterised.
Calculation of percentiles for the tobacco-speciﬁc nitrosamine
NAT blend yielded measurements of 0.1–3.7 ppm (ppm) dry
weight basis (dwb), with a median value of 0.9 ppm dwb (Fig. 1).
The data were positively skewed, with most values <2 ppm dwb.
Fig. 1 also displays the cumulative density function used for calcu-
lating percentiles at nominal points.
The data are summarised in Table 2 in the form of percentile
estimates. Values for the 5th, 10th, 25th, 40th, median, 60th,
75th, 90th, 95th and 99th percentiles are shown in Table 2, but
any reference point can be calculated.
Therefore, the univariate approach offers a practical way of
summarising tobacco blend contents. In principle, further analysis
and segregation of this kind could be performed on the dataset if
sufﬁcient information was available, e.g. blend style type, manu-
facturer, etc.
3.1.2. Cigarette smoke toxicant emissions
The same univariate data assessment approach can be used to
provide percentile estimates for overall smoke toxicant yields
across all products. Data are presented for ISO and HCI yields in
Supplementary Fig. 2 and Table App1. These data provide a refer-
ence framework against which mainstream smoke yields from
other cigarette products can be compared.Fig. 1. NAT in blend distribution, boxplot and cumulative distribution. Where the
histogram’s y-axis represents the number of products which, divided by the total
number of products, can be seen as an empirical distribution of this sample. The
boxplot is formed by the median (central line); the box is the interquartile range,
whiskers are situated at 1.5 times from quartiles; observations outside the whiskers
(right side points) are often interpreted as extreme values. The red curve represents
the cumulative density function (proportion of products with respect of the x-axis).
(For interpretation of the references to colour in this ﬁgure legend, the reader is
referred to the web version of this article.)However, inspection of the data revealed the distribution of
smoke constituents to be highly dependent on levels of blend pre-
cursors (where known, e.g. blend NAT levels) and overall smoke
yields (as represented by tar yield) from the products. Both of these
parameters have been previously identiﬁed as contributing
strongly to measured levels of toxicants. For example, Gregg
et al. (2004), Counts et al. (2005) and Hyodo et al. (2007) all iden-
tiﬁed strong and positive correlations between the amount of ISO
or HCI tar and the yields of individual smoke constituents.
Correlations with species with identiﬁed blend precursors were
strengthened by incorporation of parameters reﬂecting blend char-
acter or content.
The inﬂuence of overall smoke yield (as represented by tar
yield) on the smoke yields measured in this study was examined
(Fig. 2). Strong correlations with tar were observed for acetone,
pyridine and phenol, with some outliers in the case of phenol for
both ISO and HCI regimes. Weaker but positive and signiﬁcant cor-
relations between tar levels and NAT yields were also identiﬁed.
Comparison of the data for acetone, NAT and pyridine across the
two smoking regimes showed continuity against tar, irrespective of
regime. This was not the case for phenol, which indicated a down
shift in the data from ISO to HCI measures. Toxicant data did not
fully overlap between the two smoking regimes, as there was an
area of scarce data between 16 mg and 20 mg tar. Given that there
were cases of discontinuity between regimes and scarcity of data in
the joining region, we assessed ISO and HCI yields separately.
We also examined the impact of blend NAT levels on smoke
NAT yields. The data were plotted as tar normalised NAT yields
against blend NAT levels for both ISO and HCI regimes (Fig. 3).
The Spearman’s correlation coefﬁcient for NAT in blend and main-
stream smoke from cigarettes smoked under the ISO regime was
R = 0.5615, whereas that between NAT in blend and yields mea-
sured using the HCI regime was R = 0.7810.
Clearly, the univariate approach for summarising and categoris-
ing mainstream smoke yields is a relatively crude simpliﬁcation of
the observed variation in cigarette smoke yields, and the reasons
underlying the range of values. As noted above, blend toxicant pre-
cursors are poorly characterised and rarely measured. In contrast,
parameters such as tar, nicotine and carbon monoxide are rou-
tinely measured for cigarettes, as they are often used as quality
control and design parameters for cigarette products, particularly
in countries where emission values are printed on cigarette packs.
Consequently, these parameters may represent a useful framework
with which to categorise and summarise toxicant emissions from
cigarettes.
3.1.3. Cigarette smoke toxicant emissions as ratio to nicotine
Consistent with this possibility, the use of ratios of toxicants to
nicotine has been proposed previously as a regulatory framework
with which to compare and regulate cigarettes (Burns et al.,
2008). This approach was proposed by TobReg, who selected the
Fig. 2. Graphical representations of toxicant distributions and their relationships to tar for the ISO and HCI machine smoking regimes.
Fig. 3. NAT in blend with respect to NAT/tar measured using the ISO regime (left) and the HCI regime (right).
O.M. Camacho et al. / Regulatory Toxicology and Pharmacology 72 (2015) 458–472 463HCI regime as the basis of measurement and regulation. We exam-
ined this approach in the current study, as well as performing
exploratory analysis using ISO data of ratios to nicotine. We used
NAT as a test case.
The distributions of the two sets of ratios are shown in Fig. 4.
Although the distributions appeared to look different, with some
higher values for the ISO ratios that emphasised the skewness,the boxplot showed that the majority of the ratios were concen-
trated in the same region (approximately 10–180 ng/mg).
The visual similarities in distributions were translated into per-
centiles (Table 3). The percentiles for ratios of NAT to nicotine
appeared to sit around the same region of values. As expected, dif-
ferences between the HCI and ISO datasets appeared to be more
obvious towards the edges. ISO estimates were based on
Fig. 4. Ratios of NAT to nicotine under ISO regime (left) and HCI regime (right) pufﬁng conditions. Where the histogram’s y-axis represents the number of products which,
divided by the total number of products, can be seen as an empirical distribution of this sample. The boxplot is formed by the median (central line); the box is the
interquartile range, whiskers are situated at 1.5 times from quartiles; observations outside the whiskers (right side points) are often interpreted as extreme values.
Table 3
Percentiles for NAT to nicotine ratios measured using ISO and HCI regimes.
Percentile NAT to nicotine ratio
ISO HCI
5th 28 24
10th 34 30
25th 53 41
40th 74 60
50th 84 76
60th 93 84
75th 107 101
90th 140 133
95th 161 149
99th 230 188
464 O.M. Camacho et al. / Regulatory Toxicology and Pharmacology 72 (2015) 458–472approximately three times more data than HCI estimates, which
should be considered when assessing the estimates.
Percentiles based on ratios to nicotine are a good approximation
to one parameter quantile regression estimates (Fig. 5). However,
percentiles based on ratios do not adjust to speciﬁc data features
independently of the density across the data space and therefore
values for lower toxicant yield products will be less reliable, givenFig. 5. NAT with respectthat they will be more sensitive to errors in nicotine and toxicants.
Comparisons of percentile ratios calculated using tar and nicotine
showed a good level of comparability, but there were some dis-
crepancies, especially in the range 6–12 mg tar (Fig. 5).
Observations in red are above the 90th percentile, calculated
based on NAT to nicotine ratios. The line on the graph for NAT to
nicotine (right) represents the 90th quantile for nicotine, with only
nicotine as explanatory variable.
Although ratios of toxicants to tar or nicotine are robust
approaches for representing levels of toxicants in cigarette smoke,
they are very sensitive to small changes at low yields. Additionally,
the ratio representation is not transparent for indicating the actual
toxicant level, with implicit interpretation issues determining
whether the product’s toxicant yield is low or the nicotine/tar con-
tent is comparatively high.3.2. Regression approach
3.2.1. Simple linear regression using tar as explanatory variable
In order to accommodate the sensitivity of toxicant yields to the
overall levels of smoke emissions from cigarettes (as represented
by tar), simple regression analysis with tar an explanatory variableto tar and nicotine.
Fig. 6. Quadratic simple regression of NAT (measured using the ISO regime) with tar and its prediction conﬁdence interval.
O.M. Camacho et al. / Regulatory Toxicology and Pharmacology 72 (2015) 458–472 465was explored (Fig. 6). The best polynomial ﬁt of the regression
between ISO NAT and tar was a quadratic ﬁt, which is displayed
in Fig. 6 with its 95% predictive conﬁdence interval.
The quadratic approach provided the best ﬁt to the measured
data (although still with a very poor R-square = 0.24). The model
appears to overﬁt the data, because the mean value falls after
reaching a peak mean value for the population around the 11 mg
tar yield. Alternatively, there may be a real change in cigarette
blend character and reduction in NAT emissions for higher tar yield
cigarettes. Although this approach allows calculation of predictions
of the mean values at nominal tar references, the dispersion of data
along the regression line broadens as tar increases up to approxi-
mately 8 mg tar, from which point onwards it becomes stable.
The most signiﬁcant weakness of this approach is that it is
based on a mean value, with much of the measured data contain-
ing signiﬁcant levels of unexplained variation; a single reference
value does not describe the diversity or distribution of the data
yield around the regression line. Linear regression is also very sen-
sitive to extreme values, which could provide unstable estimates if
new data were added to the database.
3.2.2. Unconstrained quantile regression
In order to set up descriptive models for toxicant yields with
respect to tar, we followed an empirical approach. The modelling
process and assessment approach was identical for both regimes;
here we discuss only the ISO regime to avoid repetition. As the tox-
icants measured with the ISO regime displayed different types of
associations with respect to ISO tar (revealed as different shapes
in Figs. 7a–d), we employed polynomial models, although different
order polynomials were examined to accommodate different
responses to tar. For example, phenol and pyridine might need sec-
ond or third polynomial models to ﬁt the data appropriately,
whereas for acetone, a ﬁrst order model might be sufﬁcient. In
addition, in unconstrained quantile regression, models are ﬁtted
independently from each other with the premise that differentmodels might be more suitable for representing different quantiles.
However, this ﬂexibility for choosing different models introduces
unnecessary subjectivity for establishing references. Given that
the objective is to estimate quantile boundaries rather than act
as explanatory models, we accepted a common polynomial model
to be suitable across all quantiles for each toxicant. The model
should be able to ﬁt the data appropriately across quantiles with-
out overﬁtting the data. Data overﬁtting leads to undesirable sen-
sitivity of estimates to small data changes.
Based on growth curves (SAS Institute Inc., 2011), we com-
menced assessing a model in function of tar where the most com-
mon linear data shapes were considered, referred hereafter as ‘‘the
full model’’. This full model contained variations up to the third
order of tar. Where the inverse function of tar was able to repre-
sent initial down trends, ﬁrst order for straight lines and the other
parameters would indicate different curvatures. Initial empirical
modelling suggested that second or third order variations of the
full model were suitable candidates for all endpoints. An important
assumption introduced in these models was that the toxicant to tar
intercept was 0. In practical terms, we assumed that for tar equal to
0 (non-smoked products) there was no smoke and, therefore, the
levels of smoke toxicants were also equal to 0. In modelling, this
assumption implies that all models cross through the origin and
thus will have an impact on parameter estimates.
We examined the impact of the three polynomial models on
reference estimates. Table 4 displays the median bootstrap esti-
mates of the three regression models for NAT at 19 ISO tar yield
reference levels and their respective coefﬁcients of variation.
Only two observations were above the upper tar value (19 mg).
Although model elections had a clear impact on estimates, the esti-
mates of the medians appeared to be comparable for cigarettes
with tar reference levels that had a high density of data in the data
space of products (3–15 mg tar), whereas differences were more
evident for cigarettes with tar yields at the upper or lower end of
the reference range. This effect was especially noticeable for
Fig. 7A. Unconstrained quantile regressions ﬁtted for ISO NAT with respect to ISO tar, for full, cubic and quadratic models (respectively, from left to right).
Fig. 7B. Unconstrained quantile regressions ﬁtted for ISO acetone with respect to ISO tar, for full, cubic and quadratic models (respectively, from left to right).
Fig. 7C. Unconstrained quantile regressions ﬁtted for ISO phenol with respect to ISO tar, for full, cubic and quadratic models (respectively, from left to right).
466 O.M. Camacho et al. / Regulatory Toxicology and Pharmacology 72 (2015) 458–472cigarettes with tar < 3 mg and >15 mg. Low tar estimates
responded to small changes in the lower bound of the bootstrap
samples to comply with the intercept assumption. In addition,
areas around tar references with sparse data yielded higher vari-
ability of estimates across models (Table 4). Coefﬁcients of varia-
tion increased in areas with decreasing data density. The
variation in estimates was especially high for cigarettes with
>15 mg tar, which made the results unreliable. These observations
showed that the dataset at the high tar areas was insufﬁcient toclearly deﬁne the toxicant tar responses. Consequently, the deci-
sion was made to exclude data >15 mg tar from subsequent calcu-
lations. The variation at <3 mg tar was deemed to be acceptable,
although estimates should be used with caution, especially below
the 10th and above the 90th percentiles, where several coefﬁcients
of variation (CVs) were above 10%.
The three models for all four endpoints are graphically repre-
sented in Fig. 7A–D. Although in empirical modelling the simplest
model is generally preferable, here the quadratic model did not ﬁt
Fig. 7D. Unconstrained quantile regressions ﬁtted for ISO pyridine with respect to ISO tar, for full, cubic and quadratic models (respectively, from left to right).
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over-parameterised. The quantiles obtained by the quadratic
model appeared to cross the data almost in straight lines for some
toxicants, which appeared to disagree with some of the patterns
observed in Fig. 7, whilst the full model appeared to be too sensi-
tive to data scarcity. This is shown in Fig. 7 (left column) with data
attempting to ﬁt every local feature, which may lead to lack of gen-
erality of model estimates. This effect was especially noticeable for
NAT, for which oscillating patterns appeared throughout the tar
bands, whereas for the other toxicants this occurred at the higher
tar bands, where the full model ‘‘wave’’ was attempting to adjust to
the low number of observations. Additionally, for the full model
there were decreasing patterns for the 0.90 and 0.95 quantiles
for cigarettes with low tar yields. The ﬁts of the cubic and quadratic
models were comparable within the well-characterised range of
tar yields (1–15 mg tar). However, the cubic model can adjust to
local features and thus can ﬁt a broader variety of shapes beyond
the four exemplar toxicants assessed here. The CVs in Table 4 were
also considered to be comparable with, or below the full model.
Most coefﬁcients were under 10% variation, with a few exceptions
at 1 mg and 2 mg tar. Hence, for our purpose, we considered the
cubic model to provide adequate ﬁt in well characterised ranges
of toxicants across quantiles.
Crossing of quantile lines was observed for all four analytes
(Figs. 7a–d). Although this crossing effect happened at tar yields
>15 mg for all toxicants in all models, it is not guaranteed that it
will not happen within the lower range of tar yields for any other
analyte, and it would invalidate interpretation of the estimates.
The NAT data exempliﬁes other undesirable features of uncon-
strained quantile regression for this speciﬁc application. A lack of
data at high tar levels drove down estimates towards high leverage
points near the highest tar values. NAT quantiles reach an inﬂexion
point at 11–12 mg tar. In some cases, as explained in the discussion
section, there could be reasons to believe that cigarettes with high
tar levels would yield lower levels of NAT than cigarettes with
lower tar levels. However, a possible simple explanation is that it
is the result of scarcity of data.
3.2.3. Non-crossing quantile regression
Linear constraints were introduced to ensure non-crossing of
quantile regression lines and monotonicity with respect to tar.
However, the constraint that prevents crossing of quantiles clashes
with the assumption that all quantile curves have a common origin
at tar = 0. Therefore, the non-crossing quantile model included an
intercept:
Toxicant ¼ b0 þ b3tarþ b5tar2 þ b6tar3 ð5ÞThe inclusion of an intercept could present an interpretation
issue at tar = 0; however, possible reasons for inclusion of an inter-
cept are explained in the discussion. Taking a conservative
approach, in our model tar = 0 implies that cigarettes have not
been smoked and therefore, is discrete at tar = 0. That is, the rela-
tionship between the toxicants and tar is deﬁned as:
Toxicant ¼ 0for tar ¼ 0
Toxicant ¼ b0 þ b3tarþ b5tar2 þ b6tar3for tarð0;þ1Þ

ð6Þ3.2.3.1. Toxicants measured with the ISO regime. The results of ﬁtting
this model to the ISO data are displayed in Fig. 8. The monotonicity
constraint is clearly exempliﬁed by NAT, for which quantiles
become constant after reaching a maximum estimate. The
non-crossing relationship of quantiles is achieved within the data
space; the highest quantiles for phenol cross outside the data
boundaries and other quantiles suggest interception may occur
outside the ﬁtted data range.
Estimates corresponding to the median of the 10,000 iterations
per tar reference value and bootstrap conﬁdence intervals for NAT
are reported in Table 5A. For comparison between estimates, the
values for NAT from the unconstrained quantile regression are
shown in Table 5B.
Non-crossing model estimates for NAT yields from 1 to 2 mg tar
products were higher than those estimated from the crossing
model because of the introduction of the intercept. However, the
values were comparable for other tar level estimates. The
non-crossing model appeared to yield consistently lower estimates
for lower tar values (left side of the table) than the crossing model.
This difference is the result of the combined effect of higher initial
values for cigarettes with 1–2 mg tar values, and monotonicity
adjustments on the right side of the table. Differences towards
the edges were more pronounced, with up to a 21 ng difference
for three estimates: two values at the 99th percentile (ISO tar
4 mg/cig and 5 mg/cig) and one at the 5th percentile of the lowest
tar level. The average difference at the edges was 6.1 ng, while in
the central region this decreased to 2.2 ng, highlighting the robust-
ness of estimates for higher data density in the central area.
3.2.3.2. Toxicants measured with the HCI regime. The same mod-
elling process and assumptions were also used for the HCI regime
data and a cubic polynomial model was also chosen as the stan-
dard model for the HCI analytes. However, the data spaces for
the ISO and HCI regimes were very different. The HCI tar data range
was 14–44 mg/cig. Therefore, to take into account increased varia-
tion in estimates at the lower and upper limits of data availability
and to create a comparative table, we set the reference value range
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468 O.M. Camacho et al. / Regulatory Toxicology and Pharmacology 72 (2015) 458–472at 17–38 mg/cig, with 3 mg intervals. Given that this was a smaller
dataset than ISO and it was deﬁned over a wider range, the
variability of estimates for HCI data was expected to be larger
than for ISO data. Fig. 9 displays HCI NAT data assessed with a
cubic polynomial model, with and without monotonicity and
non-crossing constraints.
Even here, where there was a poor relationship between tar and
NAT levels (spearman R = 0.0734), quantile regression models were
able to ﬁt the data. In the non-crossing model, horizontal lines sug-
gest a lack of relationship between the variables for most of the
quantiles, with slightly increasing patterns for the lower tar levels.
However, the crossing model was again likely to provide underes-
timates for toxicants at high tar levels (Table App4).
3.3. Product comparisons with quantile regression estimates
As we have shown, understanding of the toxicant yields of cur-
rent commercially available products can be enhanced by the use
of tabulatedpercentiles atnominal tar values. Comparisonsbetween
products can be performed by approximation to the nominal value,
or by linear interpolation to intermediate tar values.
Those quantile regression models we have used to calculate the
reference tables can also be used to estimate percentiles for the
actual tar yield of the product being assessed. For example, given
an exemplar product A, with a 9.8 mg/cig ISO tar yield, the 5th,
10th, 25th, 40th, 50th, 60th, 75th, 90th, 95th and 99th percentiles
for NAT, acetone, phenol and pyridine have been calculated (using
non-crossing models) and are displayed in Table 6.
If the toxicant yields of product A were: NAT 102 ng/cig; ace-
tone 156 lg/cig; phenol 10.8 lg/cig; and pyridine 4.3 lg/cig; then
it would be >90th percentile for NAT, below the lower quartile for
acetone and phenol, and between the 5th and 10th percentile of
products at this tar level for pyridine. Therefore, this approach
allows direct comparisons without the need for interpolations.
This approach considers one smoke toxicant at a time. As a
more sophisticated approach, even when the relationship of toxi-
cants is not necessarily linear, an average percentile across several
toxicants could be informative as a reference. This builds on a pre-
vious concept by McAdam et al. (2012), which ranked products
across a range of toxicant yields.
An average value could be further generalised by incorporation
of weighting factors, for example, indicating different priority
toxicants and/or biological relationships between toxicants. This
approach is compatible with previous work on prioritisation of
smoke toxicants using the Margin of Exposure model
(Cunningham et al., 2011; Soeteman-Hernandez et al., 2013) or
hazard indexes (Haussmann, 2012). The ’’overall percentile’’ for a
product can be written as:
Product percentile ¼
X
wi  PercToxi ð7Þ
where i represents a toxicant andwi the weighting factors
P
wi ¼ 1.
This approach could be similarly implemented for nicotine as
the reference variable.4. Discussion
Compared with traditional approaches for the calculation of ref-
erence values (Conaway, 2009), quantile regression methodology
presents several advantages for the comparison of smoke toxicant
yields from commercial cigarettes. Comparisons of commercial
products can be interpreted intuitively by the assessment of per-
centiles instead of averages within a comprehensive framework.
Another advantage is that non-parametric quantile regression does
not assume an underlying distribution and therefore data transfor-
mation is not required (Marrie et al., 2009).
Fig. 8. ISO toxicants with respect to ISO tar non-crossing and monotonicity constrained quantiles ﬁtted using a cubic regression model.
Table 5A
Percentile estimates for NAT, ng/cig under ISO smoking condition, including bootstrap conﬁdence intervals using quantile regression with non-crossing and monotonicity
constraints. A full tabulation is available in Supplementary data (Table App3A).
Median (CI) ISO tar
1 mg/cig 3 mg/cig 5 mg/cig 7 mg/cig 9 mg/cig 11 mg/cig 13 mg/cig 15 mg/cig
99th 41 62 93 127 151 160 162 162
(37, 43) (51, 65) (78, 106) (106, 152) (123, 165) (138, 176) (152, 195) (153, 206)
95th 39 51 71 94 112 123 134 137
(26, 41) (43, 60) (64, 82) (90, 104) (101, 117) (110, 134) (118, 152) (119, 154)
75th 19 35 50 68 81 87 87 87
(17, 26) (30, 39) (45, 55) (64, 73) (76, 86) (82, 91) (83, 95) (83, 96)
50th 15 27 39 56 63 63 63 63
(12, 17) (23, 30) (37, 42) (53, 58) (61, 65) (61, 67) (61, 67) (61, 67)
25th 10 18 32 41 44 44 44 44
(8, 13) (14, 23) (27, 36) (38, 44) (41, 47) (41, 47) (41, 47) (41, 47)
10th 8 12 21 29 31 31 31 31
(6, 10) (10, 15) (18, 25) (26, 31) (29, 33) (30, 34) (30, 34) (30, 34)
5th 7 11 18 25 27 27 27 27
(5, 9) (10, 13) (16, 20) (22, 26) (24, 28) (24, 29) (24, 29) (24, 29)
O.M. Camacho et al. / Regulatory Toxicology and Pharmacology 72 (2015) 458–472 469We found that although percentile estimates were dependent
on which quantile regression model was chosen, subjectivity could
be overcome by acceptance of a common model across percentiles
and even across toxicants. For a chosen model, quantile regression
provided robust reference estimates, although variability increased
for estimates approaching the extremes of the data space. Ingeneral, a polynomial cubic model adjusted to local features of
the data, while variability remained acceptable. Cigarettes with
ISO tar yields of 1–15 mg/cig tar, which fall into the 5th to 95th
percentiles, seem to be well characterised for toxicants measured
under the ISO regime, using a criterion of CVs < 10%. There were
some exceptions for low percentiles of tar values that approached
Table 5B
Percentile estimates for NAT, ng/cig under ISO smoking conditions, including bootstrap conﬁdence intervals using unconstrained ‘‘crossing’’ quantile regression. A full tabulation
is available in Supplementary data (Table App3B).
Median (CI) ISO tar
1 mg/cig 3 mg/cig 5 mg/cig 7 mg/cig 9 mg/cig 11 mg/cig 13 mg/cig 15 mg/cig
99th 30 78 114 140 154 160 161 156
(22, 29) (62, 98) (94, 137) (113, 159) (126, 168) (138, 171) (145, 195) (134, 231)
95th 18 50 77 97 113 123 127 131
(16, 23) (47, 60) (73, 85) (92, 103) (106, 119) (114, 130) (117, 139) (112, 148)
75th 12 35 54 69 80 87 87 82
(10, 14) (31, 39) (50, 58) (66, 73) (77, 84) (83, 92) (81, 94) (72, 93)
50th 10 28 43 55 63 66 63 54
(8, 11) (25, 31) (41, 46) (53, 57) (60, 66) (62, 70) (59, 69) (48, 63)
25th 8 22 33 42 47 47 44 35
(7, 9) (20, 25) (32, 36) (40, 44) (43, 49) (44, 50) (40, 47) (31, 40)
10th 5 14 22 29 33 34 31 24
(3, 6) (11, 16) (20, 25) (26, 31) (30, 36) (31, 37) (28, 35) (17, 31)
5th 4 11 18 25 29 29 26 19
(3, 5) (9, 14) (17, 20) (23, 26) (26, 30) (26, 32) (23, 29) (15, 26)
CI, conﬁdence intervals.
Fig. 9. Unconstrained quantile regressions for NAT and tar measured under the HCI regime (left) and monotonicity and non-crossing quantile regressions for NAT HCI versus
tar HCI (right).
Table 6
ISO toxicants percentiles for a product with a 9.8 mg/cig ISO tar yield.
Percentile Analyte (9.8 mg/cig tar)
NAT
(ng/cig)
Acetone
(lg/cig)
Phenol
(lg/cig)
Pyridine
(lg/cig)
5th 27.0 124.0 8.7 4.1
10th 31.0 139.0 9.8 4.7
25th 44.0 158.0 11.5 6.0
40th 56.0 171.0 12.9 6.8
50th 63.0 179.0 14.0 7.2
60th 72.0 186.0 14.8 7.7
75th 84.0 198.0 16.0 8.5
90th 100.0 225.0 19.0 10.0
95th 118.0 264.0 20.7 10.6
99th 156.0 300.0 29.4 12.6
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seemed to be robust when tar references values of 18–36 mg/cig
were used (data not shown).
Undesirable features of quantile regression, such as lines cross-
ing, can be avoided by the introduction of simple linear constraints.
High leverage points could have a high impact on percentile esti-
mates. Inclusion of new data points to ﬁll scant areas along the
x-axis is likely to reduce this effect. For some toxicants, leverage
also produces a downwards trend for the less populated data
region at high levels of tar. In the absence of an explanation for
these downward trends they can be assumed to be artefacts driven
by local data leverage, and therefore, increasing monotonicity con-
straints can be introduced.
Reference tables can be used to compare products by toxicant
emission levels. Careful consideration should, however, be given
to the way in which these tables are used to assess smoke toxicant
yields of cigarettes. The tables provide guidance on whether the
speciﬁc toxicant yield for a product is within the expected refer-
ence values for that toxicant, but they do not provide information
about the combined effect of several toxicant yields. Prioritisation
of toxicants with respect to health risk, in conjunction with per-
centile estimates, could be used to develop an overall toxicantscore to simplify and add objectivity to comparisons of commer-
cially available cigarettes.
This empirical assessment of quantile regression for estimating
reference percentiles of smoke toxicants for different endpoints
was only based on non-parametric quantile regression (Koenker
and Basset, 1978). This approach was chosen because it was able
to ﬁt smoke toxicant data adequately and implementation was
O.M. Camacho et al. / Regulatory Toxicology and Pharmacology 72 (2015) 458–472 471readily available with mainstream software. Approaches based on
kernel density distribution curves (Gannoun et al., 2002) and with
parametric assumptions of the underlying distribution, such as the
least mean square method (Cole, 1988; Cole and Green, 1992) and
using maximum likelihood (Noufaily and Jones, 2013), are some
examples of the many possible variants for alternative quantile
regression analyses. Wei et al. compared some of these methods
(Wei et al., 2006), while avoidance of regression crossing in quan-
tile regression constitutes a ﬁeld of research in its own right
(Bondell et al., 2010; Liu and Wu, 2011).
Currently, data entries are considered to be independent, but
this may not strictly be the case. For example, the same brand
variant could be analysed in consecutive years to create a
set of non-independent observations. Longitudinal methodology
(Koenker, 2004; Wei et al., 2006), which accounts for
time-related dependences, may help to reduce the width of
conﬁdence intervals by providing more accurate estimates of per-
centiles. At this point, the data may become very complex because
despite some of these data entries belonging to the same brand
variant, speciﬁcation changes over time mean that subsequent
samples are not strictly equivalent, e.g. due to changes in blend
composition. It then becomes very difﬁcult to determine when
observations within the same brand variant should be considered
dependent or independent from each other.
5. Conclusions
In this paper, we examined common approaches for analysing
and representing toxicant yields in cigarette smoke and we intro-
duced quantile regression as a new approach with which to under-
stand the diversity of toxicant yields from cigarettes. To assess
these approaches, we used the most complete database of smoke
and tobacco blend constituents reported to date.
Percentiles were shown to be an intuitive and robust way to
summarise the range of tobacco blend toxicant precursors, and
the ratios of smoke toxicants to nicotine or tar. However, there
were drawbacks, as ratios do not adjust to speciﬁc data features;
in principle they are more sensitive to potential errors in toxicants
or reference analyte measures, and they also normalise products
with high levels of both toxicant and reference analyte (nicotine
or tar), whilst tending to de-normalise products with low levels
of the reference analyte. Classical regression approaches (both
mean and median based) presented limitations for representing
the range of diversity found in the data for smoke constituents,
and means were sensitive to extreme values.
As an extension of the median approach, we showed that quan-
tile regression, either constrained or unconstrained, can be used to
effectively represent data distribution of toxicants measured in
either ISO or HCI regimes. Some of the advantages of this method
are that it uses the complete dataset to estimate percentiles at
nominal tar values rather than intervals, it does not require data
transformation, and it provides robust, transparent and intuitive
percentile estimates in relation to any desired reference value
within the data space. However, it is also associated with draw-
backs, such as its sensitivity to the model used, and the occurrence
of crossing curves with unconstrained regressions. However, over-
all, quantile regression presents some signiﬁcant advantages with
respect to current approaches for representing smoke toxicant
yields from contemporary tobacco products.
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